Unobservable, but Unimportant? The Influence of Personality Traits (and Other Usually Unobserved Variables) for the Evaluation of Labor Market Policies * Many commonly used treatment effects estimators rely on the unconfoundedness assumption ("selection on observables") which is fundamentally non-testable. When evaluating the effects of labor market policies, researchers need to observe variables that affect both treatment participation and labor market outcomes. Even though in many countries it is possible to access (very) informative administrative data, concerns about the validity of the unconfoundedness assumption remain. The main concern is that the observed characteristics of the individuals may not be enough to properly address potential selection bias. This is especially relevant in light of the research on the influence of personality traits and attitudes on economic outcomes. We exploit a unique dataset that contains a rich set of administrative information on individuals entering unemployment in Germany, as well as several usually unobserved characteristics like personality traits, attitudes, expectations, and job search behavior. This allows us to empirically assess how estimators based on the unconfoundedness assumption perform when alternatively including or not these usually unobserved variables. Our findings indicate that these variables play a significant role for selection into treatment and labor market outcomes, but do not make for the most part a significant difference in the estimation of treatment effects, compared to specifications that include detailed labor market histories. This suggests that rich administrative data may be good enough to draw policy conclusions on the effectiveness of active labor market policies.
Introduction
Evaluating the causal effect(s) on outcomes of an intervention or treatment(s) has become the key empirical objective in many areas of Economics, Statistics, and other fields like Sociology, Political Science, Epidemiology, and Medicine. Among the most exhaustively studied interventions are Active Labor Market Policies (ALMP), both using experimental and nonexperimental methods. After the influential study by LaLonde (1986) raised concerns on the ability of nonexperimental methods to replicate the results of ALMP experiments, a very large literature developed analyzing methodological aspects related to ALMP evaluation, and nonexperimental methods in general. 1 A key ever-present question that nonexperimental ALMP evaluations face is whether the data can account fully for all the factors that explain both the participation in, and the outcomes of, a program. The objective of this paper is to address this question, relying on unique data on several characteristics usually not observed in the context of ALMP evaluations, for individuals entering unemployment in Germany.
In an ideal experiment where units (e.g. individuals) are randomly assigned to the alternative treatment levels, the average causal effect of any given treatment level compared to another can be obtained by just comparing the average outcomes across the treatment levels. However, if the assignment to treatment is nonexperimental, assumptions are needed to identify the treatment effects of interest. One of the most popular approaches is based on the assumption referred alternatively as unconfoundedness, exogeneity, ignorability, or selection on observables (Heckman, LaLonde, and Smith, 1999; Imbens and Wooldridge, 2009) . In a binary setting where units are either treated or used as comparisons (controls), the assumption implies that after controlling for differences in observed covariates between the two groups, any remaining differences are as if they had been generated by random assignment to the groups. Many commonly used treatment effects estimators (e.g. propensity score matching and weighting) rely on this unconfoundedness assumption, which is fundamentally non-testable. Furthermore, a leading critique is that it is not realistic. In the context of ALMP evaluations the argument is that researchers need to observe all the variables that affect both treatment participation and labor market outcomes. The main concern is that there may be unobserved characteristics that simultaneously explain the 1 See Heckman, LaLonde, and Smith (1999) for a survey of the ALMP evaluation literature and the early debate on the LaLonde (1986) study; see Kluve (2010) and Card, Kluve, and Weber (2010) for an overview of ALMP evaluation in Europe; see Dehejia and Wahba (1999, 2002) , Smith and Todd (2005) and Dehejia (2005) on the debate on using propensity score matching to evaluate the training program in the LaLonde study; see Imbens and Wooldridge (2009) for a recent survey of econometric methods used in program evaluation. particular treatment individuals received, and the treatment outcomes. 2 In this case, estimators based on the unconfoundedness assumption become biased, either underestimating or overestimating the causal effects of the treatment. Looking back at the last decade, the development is twofold. On the one hand, many countries now offer access to (very) informative and complete administrative data -including detailed information on the labor market history of individualsincreasing the likelihood that the unconfoundedness assumption is satisfied. On the other hand, the recent literature showing the influence of variables such as personality traits or preferences on economic outcomes (e.g. Heckman, Stixrud, and Urzua, 2006; Osborne Groves, 2005; Bowles, Gintis, and Osborne, 2001) , should be a cause of concern about the validity of the unconfoundedness assumption; these variables might be important on many dimensions in the context of ALMP (e.g. job search behavior, selection into programs, overall labor market performance) but have not been used previously as conditioning variables in this context.
In this paper we address this concern explicitly. Our focus is on a family of estimators that rely on comparing treated and control individuals based on the propensity score, the probability of receiving treatment, as a way of reducing a multi-dimensional problem to a one-dimensional problem (Rubin, 1974) . Most of the technical details regarding the properties and features of estimators based on the propensity score are at this point well understood. Intuitively, propensity score-based estimators are based on comparing individuals with similar scores. The key is that even if individuals in the two treatment arms have similar values of their estimated propensity scores (and thus in the observed characteristics used to estimate the propensity score), they could still differ in other characteristics not observed by the researcher. The data we exploit is from Germany and unique because, similar to many other ALMP evaluations (in particular in Europe), it not only contains a rich set of administrative-based information for a fresh inflow sample into unemployment, but it also contains information on characteristics usually not observed in the context of ALMP evaluations, like personality traits, attitudes, expectations, and job search behavior. 3 This allow us to empirically assess how estimators based on the unconfoundedness assumption perform when alternatively including or not these usually unobserved variables.
As the variables measuring personality traits, attitudes, expectations, and job search behav-2 Even though the literature uses "selection on observables" as a way of referring to the unconfoundedness assumption, and the term "unobservables" is also commonly used, we prefer to use the term "unobserved" to highlight the fact that the observability of a particular variable will vary for different contexts and data.
3 For example Gerfin, Lechner, and Steiger (2005) for Switzerland, Sianesi (2004) for Sweden, or Lechner, Miquel, and Wunsch (2011) and Biewen, Fitzenberger, Osikominu, and Paul (2014) for Germany, make use of comprehensive administrative data in order to evaluate ALMP programs in (Western) European countries. However, those studies generally suffer from the absence of information about personality traits, attitudes and expectations.
ior are usually not observed in the context of ALMP evaluations, there is no prior research on the actual consequences, when using propensity score-based estimators, of not observing these types of variables. However, this paper relates to the prior literature dealing with the sensitivity of unconfoundedness-based estimators. Imbens (2003) , Altonji, Elder, and Taber (2005) and Ichino, Mealli, and Nannicini (2008) have proposed methods to assess the sensitivity of unconfoundedness-based estimators to the presence of unobserved variables. With methodological differences in their approaches, these studies try to assess how large should the effect of hypothetically not observed variables be to invalidate the results obtained from applying propensity score-based estimators in different situations. Oster (2013) relates Altonji, Elder, and Taber (2005) to coefficient movements when adding controls in linear models. Lechner and Wunsch (2013) explore, using a German dataset, how sensitive matching estimators are to the inclusion of a variety of usually observed (but rich) characteristics, and find that those rich characteristics can remove selection bias.
Building upon this previous literature, we estimate different treatment selection models using alternative sets of variables, for three typical ALMP programs -short-term training, long-term training and wage subsidies -which are very common in many countries. We examine the resulting propensity score distributions and ranks. Based on these selection models we estimate average treatment effects on the treated using different treatment effects estimators, and compare the effects associated to the alternative variable sets. We also examine the resulting matching quality and perform extensive sensitivity analyses. Our findings indicate that personality traits and other usually unobserved variables play a significant role for selection into treatment and labor market outcomes. However, comprehensive control variables (in particular labor market histories) are able to capture partly the same information provided by the usually unobserved variables. Thus, the difference in treatment effects between including and excluding the usually unobserved variables is in general small. Overall we interpret our results as suggesting that rich administrative data that includes detailed labor market histories may be good enough to draw policy conclusions on the effectiveness of active labor market policies.
The paper is structured as follows. The next section gives a short summary on the identification of treatment effects and the role of potentially unobserved variables. Section 3 describes the institutional background and the dataset, and presents some descriptives statistics. Section 4 presents the results, while Section 5 concludes. 4 2 Identifying Treatment Effects -A Short Summary
Basic Setup
We base our discussion on the well known potential outcomes framework (Roy, 1951; Rubin, 1974) , where we have two potential outcomes (Y 1 with treatment, Y 0 without treatment), a treatment indicator (W = 1 if individual received treatment) and a set of observed characteristics X. We focus on the usual parameter of interest in most evaluations, the average treatment effect on the treated (ATT):
The fundamental evaluation problem arises because the last term on the right hand side of equation (1) is not observed and selection bias arises if participants and non-participants are selected groups in terms of (un)observed characteristics who would have different potential outcomes even in the absence of treatment. To correct for this selection bias, propensity score matching estimators rely on the unconfoundedness or conditional independence assumption (CIA), which states that conditional on observed characteristics (X) the counterfactual outcome is independent of treatment. In addition to the CIA, we also assume overlap which implies that there are no perfect predictors which determine participation. 4 Additionally, as direct matching on X can be difficult when X is of high dimension ("curse of dimensionality"), Rosenbaum and Rubin (1983) suggest using balancing scores such as the propensity score. These two assumptions
are sufficient for identification of the ATT based on matching. The CIA is a strong assumption and its justification depends crucially on the availability of data which allow the researcher to control for all relevant variables that simultaneously influence the participation decision and the outcome variable. If there are unobserved variables which affect assignment into treatment and the outcome variable simultaneously, a hidden bias might arise to which matching estimators are not robust (see, e.g. Rosenbaum, 2002 , for an extensive discussion). To see what happens, let us assume that the participation probability is not only determined by X, but also by a set of (unobserved) variables U . Then
where γ is the effect of U i on the participation decision. If the study is free of hidden bias, γ will be zero and the participation probability will solely be determined by X i . However, if there is hidden bias, two individuals with the same observed covariates X have different chances of receiving treatment. Let us assume we have a matched pair of individuals i and j and further assume that F is the logistic distribution. The odds that individuals receive treatment are then given by
(1−P i ) and P j
(1−P j ) , and the odds ratio is given by
exp(βx j +γu j ) . If both units have identical observed covariates -as implied by the matching procedure -the X-vector cancels out implying that the odds ratio is exp[γ(u i − u j )]. Both individuals differ in their odds of receiving treatment by a factor that involves the parameter γ and the difference in their unobserved covariates U .
Here is key to consider the relationship between X and U . If there is high correlation between X and U , it is very likely that the u i − u j difference will be small. For example, motivation may be part of U . If motivation is uncorrelated with the observed characteristics of the individuals, differences in motivation may be large for individuals with the same values of X. However, in ALMP evaluations it is common to include in the vector X variables related to the labor market histories of individuals. In particular, assume X includes lagged values of the outcome variable,
If motivation is correlated with contemporaneous values of the outcome, it is very likely to be correlated with lagged values of the outcome. In that case, the difference u i − u j is very likely to be small for individuals with similar (or in the extreme identical) outcome histories.
The Role of Unobserved Variables in Labor Market Policy Evaluation
The extent to which γ and U play an empirical role will depend on the empirical context. The importance of the unobserved characteristics U clearly depends on the extent of the observed characteristics. A more informative set of control variables X reduces the likelihood that γ has an effect on the participation decision. Previous studies suggest that socio-demographic and regional information as well as labor market histories of participants play an important role when evaluating treatment effects (e.g. Mueser, Troske, and Gorislavsky, 2007; Heckman, Ichimura, Smith, and Todd, 1998) . Especially, the improved availability and quality of administrative data in recent years allows investigating the effects of certain characteristics on potential treatment effects in a systematic way (e.g. Lechner and Wunsch, 2013; Huber, Lechner, and Wunsch, 2013; Biewen, Fitzenberger, Osikominu, and Paul, 2014) . However, at the same time a variety of studies shows the importance of variables previously not extensively considered in economics in general and for ALMP evaluations, like personality traits (Nyhus and Pons, 2005) , cognitive and non-6 cognitive skills (Heckman, Stixrud, and Urzua, 2006) or preferences and attitudes (Pannenberg, 2010; Belzil and Leonardi, 2007) .
In this context several variables which are usually not observed when evaluating labor market policies, might be of special interest. For example, Mueller and Plug (2006) find for the U.S. that the 'Big Five' personality traits -extraversion, agreeableness, conscientiousness, neuroticism and openness -have an impact on earnings similar to that found for cognitive abilities. Similar results are found by Nyhus and Pons (2005) for the Netherlands. Moreover, several empirical studies investigate how an individual's locus of control might be related to labor market performance. Locus of control refers to a general expectation about internal versus external control of reinforcement (Rotter, 1966) . People with a more external locus of control believe that much of what happens in life is beyond their control, while people with an internal locus of control see life's outcomes as dependent on their own decisions and behavior. Several studies find a significant effect of the locus of control on individual earnings (e.g. Andrisani, 1977; Heineck and Anger, 2010; Semykina and Linz, 2007) and job search strategies (e.g. Caliendo, Cobb-Clark, and Uhlendorff, 2014; McGee, 2014) .
Another strand of the literature analyzes the effect of job search choices, like the use of different search channels (e.g. Holzer, 1988; Van den Berg and Van der Klaauw, 2006) or reservation wages (e.g. Shimer and Werning, 2007; Brown, Roberts, and Taylor, 2010) , on individual labor market performance. Based on theoretical job search models (Mortensen, 1986) , these variables are significant in determining the unemployment duration and the speed at which job-seekers are reintegrated into the labor market. Moreover, the intergenerational transmission of human capital (Black, Devereux, and Salvanes, 2005) and attitudes (Dohmen, Falk, Huffman, and Sunde, 2012) , as well as social networks (Montgomery, 1991; Bayer, Ross, and Topa, 2008) seem to play an important role in determining an individual's labor market performance. Combining these different strands of literature the natural question that arises is whether these variables also play a role when evaluating the effects of active labor market programs.
[Insert Table 1 about here] Table 1 gives an overview of the covariates of interest in our study. First of all, we divide the variables in five categories: 1) socio-demographic variables, 2) labor market history, 3) personality traits, 4) job search and employment outlook and 5) socio-cultural characteristics. The first category includes, beside typical socio-demographic variables, like age, gender, marital status, educational level, health status, etc., also control variables for the month of entry into unemployment, the time between entry and the interview, and regional information. The second block, labor market history, can be divided into short-term and long-term history. The short-term history summarizes information up to two years prior to the beginning of the current unemployment spell, while the long-term history includes information for the prior ten years. Additionally, we define three groups of variables containing information on usually unobserved variables. Personality traits contain the 'Big Five' factors of personality openness, conscientiousness, extraversion and neuroticism (agreeableness is not included due to missing items) (see Digman, 1990 , for an overview) and locus of control. The job search and employment outlook variables contain information on the individual reservation wage, the search intensity, search channels, as well as expectations about future employment prospects and program participation. Finally, the block socio-cultural characteristics includes variables like the number of good friends outside the family, problems with child care, father's education and individual life satisfaction.
3 Institutional Background, Data and Descriptives
Institutional Background
Germany has a long tradition of ALMP and the German Social Security Code provides a large set of programs geared towards helping unemployed individuals, like training programs, job search assistance, job creation schemes, start-up subsidies or benefits to increase the job-seeker's labor market mobility. Table 2 shows the entries into different programs in Germany between 2005 and 2011. As they are most relevant (in terms of number of participants) for supporting unemployed job-seekers and very typical for many OECD countries, we investigate the effect of three programs in detail: 1) Short-term training, 2) long-term training and 3) wage subsidies. While the short-term training represents a more recent group of programs shifting the focus towards more 'activating' elements, long-term training and wage subsidies represent more traditional programs, which aim to remove disadvantages in education, work experience or productivity. Since these programs represent very different re-integration strategies and are targeted at different types of unemployed individuals, this potentially allows us to examine the role of usually unobserved variables for these different selection processes. Let us briefly summarize some institutional details for these three programs.
[Insert Table 2 about here] Short-term training measures, introduced in 1998, have a maximum duration of eight weeks.
The courses can either serve as test of the participant's occupation-specific aptitude, or aim to improve the general employability. For example, the courses teach the unemployed how to apply effectively for a new job or how to behave in job interviews, but can also consist of computer or language classes. Some of the courses impart knowledge on starting a business to founders of start-ups, while others are concerned with the special needs of certain 'hard-to-place' jobseekers. Caseworkers can also use them to attain additional information on the participant's abilities and willingness to work. Courses are conducted full-or part-time and last from two days up to eight weeks; an individual's time spent in short-term training programs is limited to twelve weeks in total. While in a short-term training program an unemployed person cannot earn additional wages; however she continues to receive unemployment benefits and coverage of the costs associated to participation (e.g. transportation, child care) (see Wolff and Jozwiak, 2007) .
Long-term training programs have been a well established part of the German labor market policy for many decades. These programs can last from three months to up to three years.
Historically, a caseworker would assign an unemployed individual to a specific course aimed at improving her occupational skills, and facilitating reintegration into the labor market. Previous studies find positive effects only in the very long-run (e.g. Fitzenberger, Osikominu, and Völter, 2008; Lechner, Miquel, and Wunsch, 2011) or even partly negative effects on employment (e.g. Lechner and Wunsch, 2008) . With the 'Hartz reforms' at the beginning of the century, the German government reduced the usage of (long) vocational training programs. From 2003 onwards caseworkers no longer choose a specific course for the unemployed but hand out a training voucher to the job-seeker who is then allowed to find an appropriate training program for herself (see Bernhard and Kruppe, 2012) .
Wage subsidies are one of the oldest instruments used to reintegrate unemployed individuals into the labor market. The aim of the subsidy is to reduce the labor costs for the firm, potentially bridging any deficiencies in a worker's productivity. Wage subsidies (or temporary employment with a wage subsidy) can also be used as a screening device, lowering uncertainty and, hopefully, creating stable employer-employee relationships. Whether or not an unemployed person is supported with a targeted wage subsidy is a decision that is made by her caseworker. In addition, the caseworker determines the properties of the subsidy (restricted by the legal framework and guidelines): up to 50 percent of the monthly wage can be covered by the subsidy for at most 12 months. Extensions are possible if the wage subsidy aims at the integration of older or handicapped workers. Employers of subsidized workers agree to employ workers who are younger than 50 years for a follow-up period after the subsidy ends. This follow-up period is usually as long as the subsidized period itself. In case the worker is dismissed for reasons that are not attributable to her performance, the employer has to return a portion of the subsidy. Previous research shows relatively large favorable effects on employment prospects of hard-to-place workers (e.g. Bernhard and Wolff, 2008; Jaenichen and Stephan, 2011) , but potential substitution/displacement effects and deadweight losses may be present. sources, e.g., employment history, benefit recipient history, training participation history and job search history and therefore contains detailed information on employment subject to social security contributions, unemployment and participation in active labor market policy including wages and transfer payments. The data additionally include a broad range of socio-economic characteristics including education, family status and health restrictions. The data do not contain information about working hours or periods in self-employment, working as a civil servant, or time spent in inactivity. Altogether, this amounts to a total of 15,274 realized interviews with a time lag from seven to fourteen weeks between the unemployment registration and the interview.
The IZA Evaluation Dataset and our Estimation Sample
For the purpose of the study, we restrict our estimation sample to all individuals who are still unemployed and do not participate in any ALMP program when the interview takes place.
Furthermore, we include only respondents who state that they are actively searching for new employment. We define job seekers as participants if they attend short-/long-term training, or receive a wage subsidy within the first twelve months after the entry into unemployment, and as non-participants if they do not participate in any ALMP program within this period. This leaves us with 3,769 non-participants, while 1,607 individuals participate in short-term training, 694 in long-term training and 501 receive a wage subsidy. 6
Some Descriptives for Outcomes and (Usually Un)Observed Variables
We observe every job-seeker in our sample for a period of 30 months after entering unemployment. To evaluate the influence of usually unobserved variables on the treatment effects we focus on labor market outcomes which are typically used in the evaluation of ALMP programs.
In particular we concentrate our analysis on the employment probabilities after 12 months and at the end of our observation period after 30 months. Additionally, we observe the time spent in employment as well as the cumulative earnings within the observation period of 30 months.
The upper part of Table 3 shows the differences between participants and non-participants with respect to these labor market outcomes. We observe significantly lower employment probabilities for participants after 12 months which tend to vanish over time. For recipients of a wage subsidy, the raw employment probabilities are higher after 30 months. However, the overall time spent in employment within 30 months after the entry is significantly lower for participants, irrespective of the type of treatment. The cumulative earnings are also lower for participants in short-and long-term training, but higher for recipients of wage subsidies. The lower employment probabilities in the short-run are induced by 'lock-in' effects, i.e. a reduction of participants' search effort before and during program participation (e.g. Van Ours, 2004; Jespersen, Munch, and Skipper, 2008) . Lock-in effects are largest for participants in long-term training, as programs are still ongoing 12 months after entering unemployment.
[Insert Table 3 about here] Additionally, Table 3 shows differences with respect to the socio-demographic variables and the labor market history, i.e. the baseline control variables. ALMP participants are in general more likely to be female, older and have more children than non-participants. Moreover, participants are generally better educated, we observe a higher share with an upper secondary school and an university degree, have spent more time in employment in the past (short-and long-term) and are more likely to live in West-Germany. Comparing the three programs of interest in detail the overall pattern is very similar. However, we observe some interesting deviations. For example, participants in long-term training had a significantly higher income before the beginning of the unemployment spell, while among recipients of wage subsidies, there is a significantly lower share of individuals with health restrictions or disabilities and a higher share of people from East-Germany.
[Insert Table 4 about here]
We have discussed in Section 2.2 the role that some usually unobserved variables might play for the selection into the different types of programs. Table 4 shows significant differences between participants and non-participants for a variety of these variables. We follow our definition from Table 1 and distinguish three categories: 1) Regarding the personality traits, participants in short-term training show a higher level of neuroticism, a lower internal locus of control and a lower level of extraversion. The latter is also true and the observed differences are even larger for participants in long-term training, while recipients of wage subsidies show a significantly higher level of conscientiousness. 2) However, the observed differences between participants and non-participants with respect to personality traits seem to be relatively low compared to the second group of covariates, the job search and employment outlook variables. All groups of participants show a higher job search intensity (measured as the number of applications) and use significantly more search channels than non-participants. Additionally, participants in shortterm training and recipients of wage subsidies have also a significantly lower reservation wage.
Considering the importance of these variables within the job search process it is obvious that these differences are simultaneously related to the selection into the treatment and the labor market performance. Moreover, participants of all programs, ex-ante expect a higher probability to participate in a program, while participants in short-and long-term training programs have a lower expectation of their future job finding probability. Since these personal expectations are likely to be correlated with other unobserved cognitive or non-cognitive abilities, controlling for these differences in expectations potentially reduces hidden bias when evaluating the effect of active labor market policies (van den Berg, Bergemann, and Caliendo, 2009 ). 3) Finally, there are some differences in the socio-cultural characteristics. In general, all participants report a lower life satisfaction and a lower likelihood that their father has an A-level qualification, while participants in long-term training are also more likely to have problems with child care. We will examine in the next Section now in detail what role these variables play in the selection process and for the estimation of treatment effects.
Empirical Results

Estimation Strategy
The objective of our study is to examine how estimators based on the unconfoundedness assumption perform when alternatively including -or not -usually unobserved variables. The implementation of propensity score matching and weighting estimators is a two-step-procedure where in a first step the participation model is estimated. The resulting participation probabilities are then used in a second step to match participants with similar non-participants. In the next subsections we evaluate the effect of the usually unobserved variables on each of these steps.
To conduct our analysis in a systematic way, we start by estimating 'standard' specifications for the propensity score as baseline results and subsequently include the three groups of usually unobserved variables. Our specifications mirror the definitions in Table 1 which also contains the exact definition of the three specifications: The first model (Base 1) only uses socio-demographic characteristics, family characteristics and variables related to unemployment entry and local economic conditions at unemployment entry. The second model (Base 2) additionally includes labor market history-related variables, which are consistently found to be key drivers of selection into training in the literature (e.g. Dolton and Smith, 2011) . These two baseline specifications allow us to identify the estimated ATT assuming that the CIA from condition (2) holds for two different sets of covariates X. The third model (Full) additionally includes the personality traits, job search and employment outlook variables variables and socio-cultural characteristics. 7
Based on these specifications, in Section 4.2 we asses the relevance of the usually unobserved variables on the participation probability by calculating different goodness of fit measures, and by examining the consequences for the propensity score distribution and the resulting rank order.
In Section 4.3 we examine the resulting matching quality (in terms of the mean standardized bias), and in Section 4.4 we show the consequences for estimating the treatment effects of the different programs on employment and earnings. The key intuition behind our approach is that we identify the ATT assuming that the CIA holds alternatively for the usually observed covariates X, and the usually unobserved covariates U . Comparing the estimated treatment effects allows us to determine the sign and magnitude of potential hidden bias due the exclusion of the usually unobserved variables.
Relevance for Propensity Score Estimation
We start the analysis by estimating the propensity score for each program using a logit model, as is standard in the literature. Table 5 presents the average marginal effects from propensity score models for ALMP participation in short-term training, long-term training and wage subsidies, with all tables depicting the specifications from Table 1 . Table 5 show that (except for short-term training) older job-seekers are more likely to participate while a positive effect of being female disappears once we control for the usually unobserved variables. For all programs it holds that the short-term labor market history has a strong influence on the selection into the treatment, while the long-term history is less important. Furthermore, several of the usually unobserved variables have a significant impact on the participation probabilities. For example, extraversion has a strong negative impact on the probability of participating in long-term training, while an external locus of control increases the probability of short-term training. However, none of the personality traits has a significant impact on the receipt of wage subsidies.
Significance of Variables The estimation results in
[Insert Table 5 about here]
The job search and outlook variables have a very strong impact irrespective of the program under consideration. Job-seekers who put more effort on their job search, in terms of number of applications and search channels, are also more likely to participate in ALMP programs; reservation wages have a negative significant effect for all programs, except for long-term training.
Moreover, the effect of the subjective probability of receiving the treatment is quite large, about 15 percentage points for participation in long-term training, consistent with the individuals possessing private information which is not captured by other variables. 8 In the same way, a high expected probability of finding a job in the next 6 months decreases the probability of longterm training participation by 6.5 percentage points. As a reference, the overall participation probability is 15.6 percentage points. Within the socio-cultural characteristics, only a higher life satisfaction has a negative significant impact on the participation probabilities. Testing separately the joint significance of the different groups of usually unobserved variables it can be seen that the job search and employment outlook variables have the strongest impact on the participation decision for all programs (significant at the 1%-level). Personality traits have a significant impact on the participation in training programs (at the 10%-level for short-term training and 1%-level for long-term training), but not for wage subsidies, and the socio-cultural characteristics have no significant impact on any participation decision.
Goodness-of-Fit Overall, the differences, with respect to the marginal effects between the specific models, tend to be relatively small, while the percentage of observations correctly predicted between the Base 1 specification and the Full specification increases between 4.7 percentage points for wage subsidies and 9.5 percentage points for long-term training. However, about half of the increased hitrate can be explained by the labor market history, while the other half can be attributed to usually unobserved variables. To summarize the results in the prior tables, Table 6 shows three different goodness of fit measures for the previous models. [Insert Table 6 about here]
As it is typical for the evaluation of ALMP programs using individual-level data, the overall level of the R 2 is relatively low (e.g Dolton and Smith, 2011; Huber, Lechner, and Wunsch, 2013) . However, we observe substantial differences when including or not the different groups of control variables. For example, considering McKelvey and Zavoina's R 2 , the base specification 1, including only socio-demographics, achieves only between 28% (long-term training) and 40% (wage subsidies) of the goodness of fit of the full model, including all variables; additionally including the labor market history increases it up to 49% (long-term training) and up to 80% (wage subsidies). Hence, the labor market histories seem to explain the participation in wage subsidies especially well. Including the usually unobserved variables has relatively high additional 9 We show three measures of goodness-of-fit as there is no agreed-upon measure for non-linear models.
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explanatory power when estimating the participation in long-term training, while it only slightly increases it for wage subsidies. The effect varies between 20% (for wage subsidies) and 51% (for long-term training). The overall pattern looks very similar for McFadden's and Efrons's R 2 while the absolute values tend to be lower. The results suggest that the baseline variables do very well in predicting the selection into wage subsidies, while the job search and outlook variables especially increase the goodness of fit for long-term training substantially. Figure 1 presents the propensity score distribution for each specification, separately for the three types of treatment and by treatment arm, for the full estimation sample.
Score Distribution
Unsurprisingly, including additional control variables reduces the concentration of the propensity scores around the mean and shifts more probability mass to the tails of the distribution.
Consistent with the observed improvements in goodness of fit, those shifts imply more mass at lower propensity score values for non-participants and at higher propensity score values for participants. With respect to the different types of treatment, the shifts are lower for wage subsidies than for short-and long-term training. Comparing the baseline specification 1 and the full specification for short-term training the propensity score increases for 61.2% of the participants, with a mean change of 1.5 percentage points, and 39.3% of the non-participants, with a mean change of -3.6 percentage points. Adding the labor market history to the base specification has only little impact: The propensity score increases for 59.4% of the participants, with a mean change of 1.9 percentage points, and 42.9% of the non-participants, with a mean change of -0.8 percentage points. For wage subsidies, the overall pattern looks very similar. Switching from the base specification 1 to the full specification raises the propensity score for 61.2% of the participants (mean change: 4.5 percentage points) and 38.6% of the non-participants (mean change: -0.6 percentage points). Using specification 2 as the baseline, the propensity score increases for 62.3% (mean change: 1.5 percentage points) and 44.4% of the non-participants (mean change: -0.2 percentage points).
[Insert Figures 1 and Table 7 about here] Score Correlations Table 7 provides several correlation measures between specifications, for the full sample and by treatment arm. The propensity score and rank correlation between the base and full specifications is the highest for wage subsidies and the lowest for long-term training, which suggests that the usually unobserved variables have the highest impact on the selection into long-term training and the lowest on that into wage subsidies. For the latter, the usually unobserved variables provide little extra information that is not captured by the socio-demographic and labor market history variables. Finally, we compare the propensity score distributions of both base specifications with that of the full specification. For example, the paired t-test shows no distributional differences for the full sample, but significant variation when comparing treated and non-treated individuals separately, irrespective of the treatment under consideration. With respect to the rank distribution, the Friedman test shows highly significant differences for all programs.
Consequences for Matching Quality
What has to be kept in mind in the first implementation step is, that the overall aim of the procedure is not to predict the propensity score as well as possible, but to balance the distribution of covariates between participants and non-participants, and we have to check this explicitly.
One suitable indicator is the mean standardized bias (Rosenbaum and Rubin, 1983) , which assesses the distance in marginal distribution of the covariates before and after matching. For each covariate X it is defined as the difference of sample means in the treated and matched control subsamples as a percentage of the square root of the average of sample variances in both groups:
withx c being the mean of the control group,x t the mean of the treatment group, s 2 xc the variance of the control group and s 2 xt the variance of the treatment group. In Table 8 we present the mean of SB(x), MSB, for groups of variables and overall, for the different specifications, treatments and samples. In our setting, it is especially interesting to assess the matching quality for the usually unobserved variables for those propensity score specifications (Base 1 and Base 2) that do not rely on the usually unobserved variables; it is a useful way to summarize the degree to which the socio-demographic characteristics and labor market history can proxy for the usually unobserved variables in the selection into treatment process.
The first column of Table 8 presents the raw MSB, i.e. prior to matching, while the next three columns present the MSB when matching with the alternative specifications of the propensity score: only using socio-demographics (Base 1), using socio-demographics and the labor market history (Base 2), and adding the usually unobserved variables (Full).
[Insert Table 8 about here]
Using the full propensity score specification reduces the overall MSB down to 1.9 for shortterm training, to 3.0 for long-term training, and to 3.7 for wage subsidies, values all below the target of 3% to 5% usually considered appropriate in empirical studies. However, on closer examination we find substantial differences with respect to the different programs and groups of control variables. For all programs, we find the largest raw bias with respect to the job search and employment outlook variables (MSB of 15.0 for wage subsidies, 16.5 for short-term training and 24.3 for long-term training). These MSB values are substantially larger than for most other groups of variables, except for the labor market history in the wage subsidies treatment (14.1).
However, the latter is reduced to 2.6 by including both sets of baseline variables as controls. The same is not true with regard to the job search and employment outlook variables: the MSB is at best only slightly reduced, for all three treatments, when using the propensity score specification Base 1 or Base 2 (the MSB even increases for long-term training and wage subsidies under Base 2). Once the Full specification for the propensity score is used in matching, i.e. including the usually unobserved variables, the MSB for these variables is reduced substantially. In most cases the reductions are enough to bring the MSB down to below the 5% threshold. With respect to the personality variables we have the interesting finding that conditioning on Base 2 even increases the MSB for long-term training and does not do much for short-term training. Balancing for these variables is better when using the Full specification, even though the MSB remains at 6.2 for wage subsidies. These results are in line with our previous results which indicate that the job search and employment outlook variables have the strongest impact on the selection into all types of programs. More importantly, estimating the propensity score using only the baseline variables does not appear to be successful in eliminating the differences in the usually unobserved variables, which appear as very important for the selection into treatment process.
Consequences for Treatment Effects
In this section we present the consequences of using the alternative propensity score specifications for the estimation of the treatment effects of each program. There are several possible estimators for the Average Treatment on the Treated (ATT) parameters we are interested in obtaining (e.g. Imbens and Wooldridge, 2009 ). For the sake of clarity, we focus our analysis on a particular estimator, kernel matching, which is heavily used in evaluation studies. When relying on kernel matching estimators researchers need to specify a kernel function and a bandwidth parameter. 10 We specify an epanechnikov kernel, and a bandwidth of 0.06. In Appendix A.2 we conduct a sensitivity analysis where we specify alternative estimators, and bandwidth parameters for the kernel estimators. Our results are qualitatively similar using any estimator. Table 9 presents the differences in mean outcomes (raw gap) as well as the ATT from using the kernel estimator. We use the same three main specifications for the propensity score as defined before (see Table 1 ). 11 As the outcomes of interest we analyze the employment probability 12 and 30 months, respectively, after the entry into unemployment, the overall time spent in employment and the cumulated earnings within 30 months. The left panel of the Table shows the ATTs, while the right panel calculates the difference in ATTs, both absolute and in percentage terms.
Shortly summarizing the estimated effects of the different programs, we find a negative effect of all treatments on the employment probability after 12 months, while the negative effect gets smaller over time and we even find a positive and significant effect for wage subsidies after 30 months. Moreover, there is a negative effect of all treatments on the overall time spent in employment within 30 months, with the most unfavorable effect for long-term training. Regarding cumulated earnings within 30 months, there is a positive effect of wage subsidies, while all other programs reduce participants earnings.
Our main interest is in the comparison of the estimated treatment effects using alternative propensity score specifications. It can be seen that the overall absolute differences are relatively small. However, some of these differences are quite large in percentage terms. For example, for short-term training, the differences in the ATT for cumulated earnings within 30 months between the Base 1 and Full specifications is as large as 27.8% (e 758). However, when comparing the Base 2 and Full specifications, the difference in ATT gets reduced to 4.1% (e 85). For the same treatment, however, the percentage difference in ATTs for employed after 30 months is -21.1% between the Full and Base 1 specifications, and it gets reduced only slightly to -17.8% between the Full and Base 2 specifications (in both cases, in absolute terms the difference is still small, -.002, out of an ATT of around 0.01). In general, the most distinctive differences can be generally found when estimating the effect on cumulated earnings, while the differences are relatively small when considering the employment probability at a certain point in time.
Comparing the different programs the effect of including the usually unobserved variables is stronger on the treatment effect of wage subsidies compared to the two types of training programs. Also, for the majority of the estimated effects the differences are substantially larger when comparing the Base 1 specification with the Full model, which supports the idea that a large part of the usually unobserved characteristics, especially those that are constant over time, can be captured by controlling for the previous labor market performance.
Note that only a few differences in ATTs are statistically significant, and only when comparing the Full and Base 1 specifications. No statistically significant differences remain when controlling also for the market history variables in Base 2.
[Insert Table 9 and Figure 2 about here]
The results for the ATTs seem surprising given the importance for the selection process that the usually unobserved variables seem to have, as indicated by the goodness-of-fit measures, the propensity score distributions, and the measures of matching quality. To better understand this issue, in Figure 2 we present matched propensity score differences, for the different treatments.
Each panel presents a box plot of the difference in the Full specification propensity scores between the treated and matched control individuals, based on the deciles of the propensity score under the Base 2 specification. Each box plot shows the median as a line in the box, the inter-quantile range (IQR) with the height of the box, and the distance 1.5×IQR with whiskers outside the box; outliers are represented by dots outside the whiskers. Consistent with the findings in Table   6 the median differences in propensity scores are larger for long-term training, the treatment for which a larger percentage of the overall variation is explained by the usually unobserved variables. For short-term training and wage subsidies the medians across deciles are closer to zero, indicating that there are no large differences in propensity scores between the matched individuals, either when using the Base 2 or the Full specification. However, as a fair amount of variation around the median remains, it is consistent with the results in Table 8 that show that the differences in usually unobserved variables, as measured by the MSB, remain high when using the Base 2 propensity score specification.
It is useful to relate the characteristics of the two programs for which selection based on the usually unobserved variables seem to matter the most and the least, long-term training and wage subsidies respectively, to their selection process. For both programs the results related to the usually unobserved variables are intuitive: long-term training requires a high degree of commitment by the trainees, to endure a program that can be as long as three years. It is not surprising then that personality traits and job search and employment outlook variables matter for selection into this type of training. Wage subsidies are oriented to help individuals find employment in markets where the demand for labor may be weak for the particular skills of these individuals. Therefore, it is not unexpected that the labor market histories of the individuals have the main explanatory power in the selection process (in terms of goodness-of-fit the usually unobserved variables explain marginally no more than 20% of the observed variation, 20 with respect to the Base 2 specification, and in terms of matching quality, the MSB improves only slightly overall with the addition of these variables). In particular, prior subsidized employment influences the participation in this treatment positively compared to all other treatments (see Table 5 ).
Returning to the treatment effects in Table 9 it is clear that the distinct selection processes suggested by the results are not reflected by the estimated treatment effects. Given the differences in treatment effects between the Full and Base 1 specifications, compared to the differences between the Full and Base 2 specifications, it is clear that the labor market history is able to capture most of the information contained in the usually unobserved variables. This point is even stronger if some of the usually unobserved variables are stable over time as, for example, personality traits are expected to be. In general, the higher is the correlation between the usually unobserved variables and the labor market history, the smaller the additional value of the usually unobserved variables will be. Finally, note that our results are qualitatively similar when further splitting the sample by characteristics of the participants, like gender or skill level. 12
Conclusion
The aim of this study was to investigate the effect of personality traits and other usually unobserved variables on the selection into active labor market policy programs and in consequence on the estimated average treatment effects. The results present a clear picture. The usually unobserved variables matter in terms of the selection process into treatment, in a different manner for the individuals treated under each of the programs. This is consistent with the three programs representing distinct re-integration strategies targeted to different types of unemployed individuals. Even though we find that the usually unobserved variables matter for selection, when estimating the effects of ALMP programs on labor market outcomes in a second step, the overall influence of including or excluding them is rather small. Our results suggests that unobserved variables have a slightly stronger impact when evaluating the effect of wage subsidies, compared to training measures, and can be stronger for different subgroups like high-skilled workers. But even in those cases the differences in treatment effects are in general not statistically significant.
The relatively small overall impact on treatment effects of the usually unobserved variables seems to be explained by the comprehensive baseline control variables, predominately the labor market history. Assuming that the usually unobserved variables are constant over time, they not only affect selection into programs and future labor market outcomes, but they are probably 12 These results are available upon request. correlated with past labor market performances. Thus, conditioning on labor market histories implicitly captures a large part of the information contained in the usually unobserved variables.
Our results show that given our set of usually unobserved characteristics, the influence of these variables on the effect of ALMP programs in Germany is generally limited when informative administrative data are available. This suggests that lacking these usually unobserved characteristics does not affect in a fundamental way the assessment of public policies: as long as a large enough set of covariates, which include labor market history, is available; any expected biases associated to not observing some of the personality traits and job search and employment outlook variables, are likely to be sufficiently small as to not fundamentally affect policy conclusions.
It is necessary to be prudent in generalizing our results outside the setting of this study: the effects can clearly differ among different types of programs, different countries and the population of interest. Nevertheless, our study does show that valid concerns about the role of unobserved variables, when using a "selection on observables" assumption for the estimation of treatment effects, may be less relevant when observable information is available that is sufficiently correlated to the unobservable variables. This clearly seems to be the case in settings, like in many European countries these days, where policy evaluation is based on detailed administrative data. Notes: All numbers denote shares unless otherwise indicated, measured at the entry into unemployment. Italic (bold) (italic and bold) numbers indicate statistically significant differences between each group of participants and non-participants at the 10% (5%) (1%)-level based on a two-tailed t-test on equal means. NP -nonparticipants; STT -participants in short-term training; LTT -participants in long-term training; WS -recipients of wage subsidies; Any -participants in any ALMP. Notes: All numbers denote shares unless otherwise indicated, measured at the entry into unemployment. Personality traits are measured with different items on a 7-Point Likert-Scale. Italic (bold) (italic and bold) numbers indicate statistically significant differences between each group of participants and non-participants at the 10% (5%) (1%)-level based on a two-tailed t-test on equal means. NP -non-participants; STTparticipants in short-term training; LTT -participants in long-term training; WS -recipients of wage subsidies; Any -participants in any ALMP. -3208.80 -3141.05 -3065.67 -1876.79 -1830.22 -1714.90 -1487.20 -1429.19 -1399.56 P-value Note: Depicted are correlation coefficients and distribution comparison test between specification Base 1 (Base 2) and Full. Base 1 -Baseline specification including only socio-demographics, Base2 -Baseline specification including socio-demographics and labor market history, Full -Full specification including socio-demographics, labor market history and all usually unobserved variables. P-values are shown in braces based two-tailed t-tests on zero correlation, respectively equal distributions. Note: Depicted is the mean standardized bias separated for each group of control variables and for all control variables in total measured before matching (Raw), after matching on the specification Base 1, Base 2 and Full. Base 1 -Baseline specification including only socio-demographics, Base 2 -Baseline specification including socio-demographics and labor market history, Full -Full specification including socio-demographics, labor market history and all usually unobserved variables. Note: Depicted are estimated average treatment effects on the treated as the difference in mean outcomes between participants and matched non-participants using epanechnikov kernel propensity score matching with bandwidth 0.06, as well as the difference between base specification 1 (including only socio-demographics) and the full specification, as well as the difference between base specification 2 (including socio-demographics and the labor market history) and the full specification, for estimated average treatment effects. Standard errors are in parentheses and based on bootstrapping with 251 replications. ***/**/* indicate statistically significance at the 1%/5%/10%-level. 
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Note: Depicted is the distribution of the propensity score difference between participants and matched non-participants when including all usually unobserved variables using epanechnikov kernel propensity score matching with bandwidth 0.06 for each decile of the propensity score distribution in specification Base 2 (including socio-demographics and labor market histories). Note: Depicted are estimated average treatment effects on the treated as the difference in mean outcomes between participants and matched non-participants using epanechnikov kernel propensity score matching with bandwith 0.06. Standard errors are in parentheses and based on bootstrapping with 251 replications. ***/**/* indicate statistically significance at the 1%/5%/10%-level. Note: Depicted are estimated average treatment effects on the treated as the difference in mean outcomes between participants and matched non-participants using inverse probability weighting (IPW) and 3 types of epanechnikov kernel propensity score matching. Standard errors are in parentheses and based on bootstrapping with 251 replications. ***/**/* indicate statistically significance at the 1%/5%/10%-level. Note: Depicted are estimated average treatment effects on the treated as the difference in mean outcomes between participants and matched non-participants using inverse probability weighting (IPW) and 3 types of epanechnikov kernel propensity score matching. Standard errors are in parentheses and based on bootstrapping with 251 replications. ***/**/* indicate statistically significance at the 1%/5%/10%-level. Note: Depicted are estimated average treatment effects on the treated as the difference in mean outcomes between participants and matched non-participants using inverse probability weighting (IPW) and 3 types of epanechnikov kernel propensity score matching. Standard errors are in parentheses and based on bootstrapping with 251 replications. ***/**/* indicate statistically significance at the 1%/5%/10%-level.
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